Abstract Surface electromyography (SEMG) signals can provide important information for prosthetic hand control application. In this study, time domain (TD) features were used in extracting information from the SEMG signal in determining hand motions and stages of contraction (start, middle and end). Data were collected from ten healthy subjects. Two muscles, which are flexor carpi ulnaris (FCU) and extensor carpi radialis (ECR) were assessed during three hand motions of wrist flexion (WF), wrist extension (WE) and co-contraction (CC). The SEMG signals were first segmented into 132.5 ms windows, full wave rectified and filtered with a 6 Hz low pass Butterworth filter. Five TD features of mean absolute value, variance, root mean square, integrated absolute value and waveform length were used for feature extraction and subsequently patterns were determined. It is concluded that the TD features that were used are able to differentiate hand motions. However, for the stages of contraction determination, although there were patterns observed, it is determined that the stages could not be properly be differentiated due to the variability of signal strengths between subjects.
Introduction
Surface electromyography (SEMG) signal analysis has received wide interest especially in biomedical applications and clinical diagnosis in various fields such as rehabilitation of motor disability. SEMG signals can provide important information for prosthetic hand control and possibly detect neuromuscular disorders for amputees. Flexor and extensor muscles have an antagonistic characteristic that enables flexion and extension movements to be classified. In addition to classifying hand motions there is a possibility to determine the stages of contraction that take place during those hand motions. It was determined in [1] that when the subject maximum voluntary contraction (MVC) was controlled, the actual motion did not occur during the start and end stage of contraction where the same type of fluctuation had occurred. Ideally, the control of a prosthetic hand should occur during the middle of contraction and the ability to determine stages of contraction will lead to the condition where optimal control of the actual hand motion becomes more accurate to the user's intent.
To classify a hand motion, SEMG signal analysis normally goes through feature extraction and classification stage. Feature extraction methods need to be carefully selected in order to provide useful information for classification of hand motion. In general it can be divided into four major groups which are time domain (TD), frequency domain (FD), time frequency and time-scale representation [2] . TD features are generally easy to implement and calculate efficiently thus making it suitable for real time feature extraction. Feature extraction-based on TD methods show a better performance than feature extraction-based on time-scale domain methods for EMG pattern classification under the continuous classification condition [3] [4] [5] . TD features were also used for prosthetic hand control and were able to achieve good classification accuracy in [3, 6, 7] . It is important to use computationally effective features and sample window size in order to meet the requirement of having a delay less than 300 ms for real time application [8] .
In this study, the characteristics of TD features were observed to determine a pattern for hand motions and stages of contraction. Firstly, hand motions patterns were observed by studying the data in the SEMG channels. Then, the stages of contraction patterns were observed by using data only from SEMG channel signals produced for each particular motion. Analyzing these patterns for hand motion and stages of contraction will help to determine whether it is applicable for TD features to be used for optimal control by combining both the motion and stages of contraction classification.
Methodology
Data used were collected from ten healthy subjects obtained from the University of Southampton [9] . The signals were obtained from flexor carpi ulnaris (FCU) and extensor carpi radialis (ECR) during motions of wrist flexion (WF), wrist extension (WE) and co-contraction (CC) for three repetitions of movements.
Data analysis
The analysis was divided into two sections: for hand motion and stages of contraction.
Hand motion
In the effort to detect a hand motion, features from both FCU and ECR channel were evaluated. The signal was segmented into 132.5 ms windows (200 data points) as shown in Figs. 1 and 2. Next, the measured SEMG signal went through a full wave rectification and filtered using a 6 Hz low pass Butterworth filter for each segmented windows at the point where the motion had occurred.
Time domain features used were extracted from the segmented windows and were calculated as follows:
Mean absolute value (MAV)
Root mean square (RMS) ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi
Integral absolute value (IEMG)
Waveform length (WL)
These features mean and standard deviation (STD) of the ten subjects were calculated and plotted on a bar graph. As IEMG had a much higher value as it serves as a summation of values, a log 10 scale was used for amplitude.
Stages of contraction
Based on the extracted features obtained in the previous section, Figs. 3 and 4 illustrate how stages of contraction windows were determined using only the segmented windows where the SEMG signal was observed for each respective hand motion. In reference to Fig. 3 , taking WF as an example where SEMG signal was only observed in FCU channel, the first window of stages of contraction were classified as start (WF1), end (WF3) and middle of contraction (WF2) were all windows between start and end of contraction where in this case there were two windows for WF2. The same features and analysis treatment were used in hand motion section.
The features were calculated using MATLAB R2012b using a personal computer with a quad core processor of 2.3 GHz and graphs were plotted using Microsoft Excel 2007. Computational time was recorded to determine the efficiency of TD features to be used in real time application and the time remaining to meet the 300 ms delay.
Results and discussion
The results are divided into two sections: for hand motion and stages of contraction.
Hand motion
The results obtained from Fig. 5 show that the value of all TD features had higher mean value when the motion was WF and was lowest when the motion was WE in the FCU channel. The mean value of the CC motion was in the middle for all TD features. This concurs with the general knowledge that flexor and extensor muscles are antagonistic, and that CC motion activates both muscles.
Meanwhile, Fig. 6 shows that the mean was higher during the WE motion and lowest during the WF motion observed in the ECR channel. However, when comparing Fig. 2 and 1 it is observed that the values are not distinctively different from one motion to another. This indicates that for ECR channel, there were subjects that still had some noise even though the signals were filtered.
In general, all the STD values of all features were larger than their respective mean values. No relative error were plotted since variability was large. STD values were large as the data points were at an extreme and not close to the average which indicates that the SEMG signal is indeed unique to each individual subject and varies largely for the ten subjects in this study.
It has been observed that STD values tend to be large with data collected from the ten subjects and also tend to intersect with another motion when STD was considered. Despite that, based on the characteristics of the SEMG signal this should not pose a large problem as motions can be differentiated where both FCU and ECR should have certain amount of signal strength and be characterized as a logic system with one as high/medium and zero as low where WF[10], WE[01] and CC [11] where the first and second column are FCU and ECR channel respectively. Table 1 summarizes the TD characteristic for the hand motions.
Stages of contraction
Based on the mean values alone, it can be observed that the value was highest during the middle of contraction while lower values were observer at the start and end of contraction although they were similar to each other, as shown in Figs. 7 and 8. This agrees with the finding of Ajiboye, A and Weir R studying threshold values and this trend is observed for the CC motion as well as in Figs. 9 and 10 with the exception of some features that will be discussed later [7] . Although the start of contraction seems slightly higher for the WF motion and end of contraction observed to be slightly higher for the WE motion, the value is much closer to the end and start of contraction respectively compared to the middle of contraction.
For detecting stages of contraction for the CC motion, all features except VAR and WL had followed the trend discussed previously. However the start, middle and end of contraction were not as distinctive as observed for WF and WE motions. This indicates that the CC motion signal is relatively more flat compared to the WF and WE motions. This causes the average value of the middle contraction to become smaller since the value of the middle of contraction is the average of all windows between windows classified as start and end. In addition, VAR and WL features indicates that not all TD features were consistent with the findings of Ajiboye, A and Weir R and that there was a probability that signal strength needed to reach a certain amplitude for stages of contraction to be differentiated properly [7] . Furthermore, since the TD features value were amplitude based, it was highly dependent on the signal strength and thus was less applicable to be used to determine stages of contraction since the signal strength varied among subjects. Table 2 summarizes TD characteristic for stages of contraction with some exception of TD features as discussed previously.
In regards to the computational time, the smoothing process by the filter took 89 ms. The amount of time taken for each features is as shown in Table 3 . Computational time taken is short and is suitable for real time application. At most the amount of time taken for a filtered signal is 227.5 and 138.5 ms for a raw signal as the features can be calculated in parallel. This leaves room of around 37.5 and 126.5 ms respectively to meet the 300 ms delay.
Conclusion
It can be concluded that all the TD features tested in this research were a representation of the signal amplitude and are suitable in real time application. It can differentiate different motions based on the antagonistic natures of the muscles. However stages of contraction can't be distinctively differentiated especially when the signal strength varies among subjects: a low amplitude signal will always be classified as a start or middle of contraction and high amplitude signal will be classified as a middle of contraction. Thus, it is not applicable for the TD features to be used to achieve ideal control of combining motion and stages of contraction classification. Although TD features have the potential to be used to differentiate stages of contraction, due to the variability of signal strengths, it is less suitable for real time application as the features can't differentiate the stages distinctively. Customizing amplifier gain for signals or normalizing signals might enable TD features to classify different stages of contraction properly. 
